ABSTRACT Image processing and analysis is useful to monitor the activated sludge (AS) wastewater treatment plants based on the morphology of microbial aggregates (flocs) and filamentous bacteria. Phasecontrast microscopy is used to observe filamentous bacteria in the AS samples at lower objective magnification with improved visibility of details. However, segmentation of the phase-contrast images faces inherent difficulties caused by the artifacts associated with the microscopy, such as halos and shade-off. This paper is comprised mainly of three tasks: robust segmentation of phase-contrast images for filamentous bacteria, identification of novel image analysis parameters for morphology of the bacteria, and the use of the proposed parameters to model sludge volume index (SVI). SVI is the most important physical measurement employed to monitor the operation of an AS plant. In this paper, a robust phase-congruency-based method, augmented by top-hat and bottom-hat filtering, is proposed for segmentation of filamentous bacteria. Different metrics, such as accuracy, recall, variation of information, F-measure, and Rand index are used for the segmentation assessment. We propose an exact procedure to determine the total length of branched and unbranched filamentous bacteria. Moreover, a novel rotation invariant feature is proposed to determine the extent of the curvature of a filament. Finally, we investigated regression models for SVI of multiple AS wastewater treatment plants, based on the proposed image analysis parameters of the filaments. The modeling of SVI proves the significance of the proposed image analysis parameters for monitoring AS plants.
I. INTRODUCTION
The AS wastewater treatment plant is evaluated by the settling properties of microbial aggregates (referred to as flocs) in the secondary clarifier of the plant. The settling ability depends on the morphology of flocs and filamentous bacteria (referred to as filaments ahead) [1] . Image processing and analysis is a useful tool for monitoring and fault diagnosis of AS wastewater treatment plants using microscopic imaging. The morphological parameters of the flocs and filaments are extracted from the microscopic images to estimate conventional physico-chemical measurements such as sludge volume index (SVI) and mixed liquor suspended solids (MLSS) [2] , [3] . In the context of AS images, bright-field, epifluorescence, phase-contrast and confocal laser scanning microscopy have been reported in the literature [3] . Mesquita et al. compared bright-field and phase-contrast microscopy using filament length and area of floc calculated by image analysis [4] . But the segmentation algorithm they employed did not incorporate the artifacts of phase-contrast microscopy and consequently, led to over and under-segmentations.
Images of the filamentous bacteria are acquired using either fluorescence or bright-field microscopy [5] , [6] . Fluorescence microscopy requires skills for sample preparation, whereas bright-field microscopy needs higher magnification to observe filamentous bacteria. In the case of higher magnification, a large number of images are required to represent a sample. On the contrary, phase-contrast microscopic images are rich in information, and the microscopy does not require specific sample preparation skills. Moreover, the filamentous bacteria can be observed at relatively lower magnification of 10×. Therefore, less number of images may be acquired to represent the whole sample. However, some filaments are too long to be captured in a single microscopic image at higher magnifications, and require image stitching. Phase-contrast images are less prone to errors related to the stitching as compared to the bright-field images due to improved visibility of details and lower magnification (less number of images would be required to capture the whole length). But segmentation of phase-contrast microscopic images is difficult due to the artifacts associated with the microscopy.
Literature review revealed that several algorithms had been explored for the segmentation of phase-contrast images. Some of these algorithms addressed microscopic artifacts [7] - [10] , and others did not [11] - [14] . Willemse et al. [14] used phase-contrast microscopy, and suggested segmentation of filamentous bacteria only in a culture. They did not address the microscopic artifacts associated with the microscopy. A linear imaging model was suggested by Yin et al. [7] for restoration of the phasecontrast images to artifact-free images by formulating a constrained quadratic optimization problem. The restoration algorithm was improved by Su et al. [15] with dictionary representation of diffraction patterns and subsequent optimization. The restoration was followed by Otsu thresholding. A standard deviation filtering based segmentation was proposed by Topman et al. [11] to calculate the cell confluency. Range filtering and thresholding was suggested by Juneau et al. [13] to segment the phase-contrast images in order to calculate the degree of confluence. Local contrast based thresholding followed by halo correction was employed by Jaccard et al. [8] to characterize the adherent cell structure. Level-set approach was adopted to segment neurons by incorporating phase-contrast image formation model and tubular structure regularization in the energy functional [10] .
The segmentation algorithms reported for phase-contrast images were suggested for segmentation of either cells or neurons [8] , [10] , [11] , [13] . With reference to the nature and diversity of the flocs and filaments, the phase-contrast images of AS are different from those of cells or neurons. Besides the difference, the artifacts associated with the microscopy affect the segmentation of the AS images. The AS flocs contain dead and live bacteria, other micro-organisms and the compounds generated by the metabolism. Moreover, the flocs do not have a homogenous structure or contain the same species. In different operating conditions or geographical locations of AS plants, the eco-systems therein are very different with competing populations of different species. The microbial and structural diversity also has its effect on the morphology of the flocs and filaments. Due to the diversity and the phase-contrast microscopic artifacts of halos and shade-off, it is uncertain that the bright region in the floc is floc itself or filament or background. This uncertainty leads to the uncertain segmentation of specially flocs and, hence, unreliable morphological data. That is why, we recommend that segmentation and morphological data of flocs should be extracted from the bright-field images. Whereas, phase-contrast microscopy is recommended for analysis of filaments due to their better visibility at lower magnification. Moreover, the sample prepared for bright-field can also be used for phase-contrast image acquisition.
In the literature related to the application of image processing and analysis, the filaments are usually studied for only one parameter: total filament length (TFL). The manual procedure to measure the length, which was adopted for image analysis procedures [2] , [16] - [18] , is given by Szegin et al. [19] . Walsby and Avery [18] proposed image analysis procedures to calculate TFL, followed by Costa et al. [20] and Amaral et al. [5] . But the procedure requires scaling and finite error limits which are proportional to the number of pixels detected as a filament. We have proposed an exact method to calculate the length of a filament, and devised additional parameters to quantify the properties such as number, length and curvature of the filaments. 
II. ACTIVATED SLUDGE AND PHASE-CONTRAST MICROSCOPY
In this section, we will establish why phase-contrast be used for AS process monitoring instead of bright-field. Microscopy is a fundamental part of the image analysis based state monitoring and prediction of the AS process. In the literature, bright-field, fluorescence and phase-contrast microscopies have been reported in the context of the AS process [2] . Flocs can be observed in bright-field microscopy at lower objective magnification of the microscope such as 2× and 4×. Fluorescence microscopy is used with staining procedures and requires skilled and specialized expertise. In the case of filaments, bright-field requires a higher magnification, and so, needs more time to acquire the representative images of the sample. Phase-contrast microscopy can particularly detect filaments more efficiently at lower objective magnification starting from 10×, without requiring any staining procedures. Fig. 1 shows bright-field and phasecontrast images acquired from the microscope, through a CCD camera, of the same area of the sample at 10× objective magnification. It can be seen that the filaments that are invisible in the case of bright-field, become perceptible in the phase-contrast image.
The phase-contrast image has a disadvantage of the artifacts of halos and shade-off. Shade-off effect causes low contrast between the floc region and the background. Halos effect appears as bright halos around the borders of floc and filaments as shown in Fig. 1 (b) . The AS flocs are 3D objects of arbitrary shape. These are usually porous with microorganisms and their metabolism products accumulated across 3D web of filaments. The complex structure of the flocs combined with phase-contrast microscopic artifacts make the morphology of flocs less perceptible. The filaments we are interested in for segmentation are those which can be distinctly perceived as free filaments or attached to the floc. The segmentation algorithm proposed in this paper is meant to deal with the artifacts of the phase-contrast microscopy.
III. METHODOLOGY
The flowchart depicting the framework of this research is shown in Fig. 2 . Phase-contrast images are acquired from the samples collected from AS plant. The images are processed to segment filaments. The segmented filaments are analyzed for the proposed image analysis parameters. The filament analysis data collected for multiple plants and conditions was used to model the SVI. SVI is the most important parameter to monitor the state of an AS plant [21] , [22] . The details of the image acquisition, segmentation, analysis, and modeling are as follows: FIGURE 2. Flowchart for analysis of filamentous bacteria using phase-contrast microscopy to monitor AS process.
A. IMAGE ACQUISTION
The samples of the AS were collected from the aeration tanks of an experimental setup and eight full-scale municipal AS wastewater treatment plants under different operating conditions (normal or abnormal). The images were acquired using Olympus Microscope BX43 embedded with CCD camera DP26, and image acquisition software CellSens Dimension. The size of the images was 1224×960 pixels with a resolution 0.7015µm/pixel at 10× and 0.3481 µm/pixel at 20× magnification. The images were acquired by scanning a path in the form of a cross centered at the center of the coverslip of size 18mm × 18mm as shown in Fig. 3 . Total 4048 images were acquired from 130 samples. Different number of images were acquired for different samples, depending on the operating condition of the plant. If a sample contained more filaments as in the case of abnormal condition of filamentous bulking, more images were acquired for the sample. On the other hand, relatively less number of images were acquired for the samples with less number of filaments. In order to prepare the gold approximation of the ground truth images to assess the segmentation of the filaments, two sets of randomly selected images were prepared with 31 images at 10× and 29 images at 20× magnification. 
B. PROPOSED IMAGE SEGMENTATION ALGORITHM
The proposed algorithm comprises of two modules: phase congruency feature map, and isolation of filaments from the background and flocs. The workflow of the proposed algorithm is shown in Fig. 4 . The algorithm is not only robust to background vignetting but also to the halos and shade-off specific to the phase-contrast microscopy.
1) PHASE CONGRUENCY MODEL
Image features such as curves or connected regions are the points in the image where Fourier components are maximally in phase [23] . The phase congruency is used in this paper to segment the filamentous bacteria in the phase-contrast microscopic images of AS. Phase congruency based segmentation of phase-contrast images of AS is invariant to illumination and magnification of the microscopic image. Careful selection of the number of wavelet scales and orientations also make the segmentation robust against the artifacts associated with the phase-contrast microscopy. The phase congruency feature map is obtained by convolving the image with a bank of log Gabor wavelet filters having different orientations and scales. Log Gabor wavelet filters have the advantage over the Gabor filters of zero dc component, required to avoid overrepresentation of low frequencies in large bandwidth filters with even symmetry [24] . The frequency response of the log Gabor function is
where ω s is the center frequency of the filter at scale s, γ is a parameter to keep the factor γ /ω s constant to preserve the shape of filters with varying ω s for different scales,
is the orientation of the filter, θ = π/ρ c is angular interval between the orientations, and η is the ratio of the angular interval and standard deviation of the Gaussian spread function: the second term of the polar-separable 2D Gaussians of Eq. 1. Let G o sρ and G e sρ are odd and even symmetric log Gabor filters respectively at scale s and orientation ρ. The convolution of the phase-contrast image I (x, y) with the filters is given by
The local phase φ sρ and local amplitude A sρ at scale s and orientation ρ are calculated as
The phase congruency is defined by
where ε is a small positive constant to avoid division by zero, and E(x, y) is local energy computed as
as E(x, y) can be considered as the sum of projections of A sρ 's, skipping the image coordinate variables x and y, we have
where φ m is the mean phase angle. The PC will become
Kovesi introduced modification in the PC model to make it robust against noise, penalize narrow frequency distributions, and increase sensitivity to phase deviation [24] .
PC(x, y)
where cos(φ sρ − φ m ) − sin(φ sρ − φ m ) is meant to increase the sensitivity to phase variation, T ρ is noise threshold at orientation ρ, and W ρ is the weighting to scale down the PC where distribution of frequencies is narrow. z is equal to z if it is positive, otherwise zero. T ρ is calculated using the response of the filter with smallest scaling at the orientation ρ because it has the largest bandwidth and most significant response to the noise. It is estimated using the model of Rayleigh distribution for the magnitude of the energy as
where µ ρ is mean and σ ρ is variance of the Rayleigh distribution at orientation ρ.
The significance of PC depends on the spread of the distribution of frequencies. Weighting function W ρ devalues the PC as function of the spread of frequencies d ρ as
where c is the cut-off of the spread of the filter response, and γ is constant controlling the slope of the sigmoid. The spread of the filter response at the orientation ρ is estimated by
where s n is the total number of scales considered for the filters.
The final phase congruency image generated from Eq. 9 was thresholded to get the binary image. The threshold is kept fixed at 0.5, and the number of scales and orientations are varied to improve segmentation result. Fig. 5 and 6 show phase congruency images and corresponding binary image at different number of scales s n and orientations ρ n . In order to see the effect of ρ n on segmentation, s n is kept fixed and ρ n is varied first. At ρ n = 1, the effect of phase-contrast artifacts cannot be eliminated and appear as over-segmentation as shown in Fig. 5 (c). As we increase ρ n , the artifacts are removed, with few floc and filament pixels misclassified as background. It was observed that ρ n = 2 gives the best result, eliminating the halos and reducing time required for the computations. 
In order to detect all the relevant features, the number of orientations ρ n should be such that it covers the entire frequency plane. Kovesi suggested six orientations and filter orientation spacing of 180 • /6 = 30 • to be satisfactory [24] . In the phase-contrast images of AS, the artifacts can be dealt with by using lower number of orientations to cover the frequency plane. We found that two orientations, with orientation spacing of 90 • , were enough to segment an AS image without artifacts. We conclude that vertical and horizontal orientation of wavelet filters are good enough for robust segmentation. Other orientations along diagonal directions correspond to the portion of frequency plane corresponding to the artifacts.
In the case of number of scales s n , for small values, there is over-segmentation due to halos. But there is undersegmentation at higher s n as shown in Fig. 6 . We selected s n = 4 when effects of artifacts are minimal and apparently, there is no significant under-segmentation. The advantage of using phase congruency is that the threshold and selected number of orientations and scaling work for all the phasecontrast images of AS in the same way irrespective of the illumination and magnification variation.
The number of scales corresponds to the bank of wavelet filter pairs meant to cover the spectrum by summing the individual transfer functions. More the number of scales, more the number of filters in the bank, and better is the coverage of the spectrum. Kovesi pointed out that five wavelets are enough for response close to the ideal [24] . In our case of the phase-contrast images, four wavelet pairs are enough to capture the filaments and flocs with the wavelength 3 corresponding to the highest center frequency and smallest scale pair of filters. If the number of wavelet pairs is increased to s n = 5, the edges (corresponding to the filaments) are detected precisely. But the relatively uniform regions (corresponding to flocs) are not detected. We conclude that lower the number of scales, more sensitive is the PC to noise or the artifacts. Conversely, higher the number of scales, less sensitive is the PC to the artifacts. But increasing the number of scales beyond four resulted into undersegmentation of flocs. This result is in accordance with the Kovesi's inference when he used response of only the smallest scale filter to estimate the noise. 
Top-Bottom-Hat Filtering For Attached Filaments:
A careful examination of an AS image reveals that the filaments are darker than the background and flocs as shown in Fig. 7 (a) . In order to directly segment the filaments, top-hat and bottom-hat filtering is used [25] . Adding top-hat filtered image to the grayscale image makes the floc region brighter and bigger, and subsequently, subtracting the bottom-hat filtered image makes the filaments darker, thereby increasing the contrast as shown in Fig. 7 . Interestingly, the halos are also compensated by subsequent simple thresholding as they become a part of brighter region of flocs and background. The threshold value of 5 has been selected experimentally such that filaments are accurately recovered to the possible extent. This technique is used to segment the filaments including those which are attached to the flocs. We used the algorithm to augment the binary image resulted from the phase congruency based binarization. It is because floc-removal-II removes some of the attached filaments along with the flocs.
2) INTRA-FLOC HOLE IDENTIFICATION
As a result of shade-off artifact of phase-contrast microscopy, it is difficult for the segmentation to distinguish the hole inside the floc from the foreground due to low contrast between the two regions. To solve this problem, we use multi-thresholding Otsu [26] to identify four regions, and then convert the image into RGB using quantization. The pixels corresponding to the halos and bright regions are used to distinguish the floc and the background inside the floc identified by the peaks of the green channel. These pixel locations in the original image are replaced by an instance of intensity values corresponding to the background as shown in Fig. 8 . The blue channel of the resultant image shows the floc and the background pixels distinctly. This will not only help to identify the floc morphology precisely but also filaments in the hole inside the floc. 3) FLOC REMOVAL-1 Cenens et al. assessed different image analysis parameters to distinguish between floc and filaments [27] . They suggested reduced radius of gyration (RRG) to be the best. But the technique is applicable only if none of the filaments are attached to the flocs. In the case of the phase-contrast images, the threshold of the RRG can be adjusted as required by the over-segmentation in presence of halos. In our case, the halos were suppressed, and value of the threshold of RRG was selected as 2 by subjective iterations.
4) FLOC REMOVAL-II
For the attached filaments, the grayscale image is thresholded using Otsu algorithm and dilated using the morphological operation. The resultant binary image is subtracted from the image obtained by thresholding of phase congruency image. 
5) FALSE-FILAMENT-REMOVAL
It was assumed that the flocs did not have filaments attached to them, and filaments were free. This assumption was forced by the preceding top-bottom-hat filtering and thresholding. To differentiate between flocs and filaments, reduced radius of gyration was used, and the objects with radius of gyration less than a threshold were removed. Butthat leaves the rectangular shaped flocs with considerably large length. To differentiate such flocs in a binary image (1 for floc and filament, 0 for background), a parameter floc width (FW) is defined. The 1's are summed along the four lines: right diagonal (black in Fig. 9 ), left diagonal, horizontal and vertical. FW is the sum along the line orthogonal to that with the maximum sum. If FW is less than a threshold, the object is filament, otherwise it is floc. An example of floc false-filament-removal is shown in Fig. 10 .
6) SEGMENTATION OF EXTENDED FIELD IMAGE
The proposed segmentation algorithm is capable to deal with the images constructed using image stitching to capture the whole length of a filament. Such imaging technique is termed as extended field imaging (EFI) in context of microscopy. As the orientation of filament is arbitrary, the stitched image might be padded with 1's or 0's to make the whole image of rectangular shape. The proposed algorithm is not affected by the padded bright or dark regions outside the stitched images and inside the whole image. Such images were acquired depending on the presence of long filaments using EFI feature of the CellSens Dimension software by Olympus. For example, the EFI image that is of size 1725 × 3184 pixels is shown in Fig. 11 with its segmentation result.
C. SEGMENTATION OF FLOCS AND FILAMENTS
The filament-only image is generated by adding the images obtained after floc removal from thresholded PC image and top-bottom-hat filtering image as shown in Fig. 4 . The flocs are segmented by subtracting the filament-only binary image from the binary image obtained after inter-floc hole identification in the thresholded PC image. In AS floc, there are dead and live bacteria and other micro-organisms along with the compounds resulting from the metabolism. In addition, the live population is not homogenously of the same type or species. Under different operating conditions of the wastewater treatment plant, the eco-system of the AS is very different with increasing population of different species of the bacteria. Such microbial diversity also effects the morphological properties of the flocs and the filaments.
As a result of the microbial and structural diversity of the AS flocs, and artifacts of the phase-contrast microscopy, there is an uncertainty that the bright region inside the floc of the phase-contrast image may be floc or background. Such uncertainty renders the local and global segmentation of the flocs and subsequent morphological studies erroneous. That is why, it is suggested that floc segmentation and subsequent morphological studies are carried out using bright-field images. For filaments of AS, phase-contrast microscopy is recommended because of their visibility at lower magnification, and simple preparation of samples for microscopic observation.
D. SEGMENTATION ASSESSMENT 1) STATE-OF-THE-ART
The state-of-the-art algorithms used for assessment are tuned to give the best performance through multiple iterations and subjective inspection for a selected subset of phase-contrast images of diverse properties. The following techniques are used to assess the proposed algorithm:
i. Phase-contrast microscopy segmentation toolbox (PHANTAST) is an image processing tool specifically designed for phase-contrast microscopy images, available online [8] . It takes shade-off and halos in the phase-contrast images into account for precise estimation of cell confluency and cell density. The segmentation algorithm included in the PHANTAST comprises of local contrast based thresholding to locate the cells, and correction of the phase-contrast artifacts. The correction is done using determination of intensity gradient using Kirsch filters, and contraction of initial boundary towards the sharp boundary between the halo and the cell. ii. Juneau et al. proposed segmentation of phase-contrast images using range filtering, followed by the debris removal [13] . The originally proposed algorithm also included the hole filling operation but that was excluded from the implementation to preserve the porosity of the flocs, for the sake of fair comparison. The algorithm is referred to as JUNE. iii. Su et al. formulated restoration of phase-contrast image as a min-l 1 optimization problem based on sparse representation. The algorithm used dictionary representation of diffraction patterns corresponding to phase retardations resulted from the specimen [15] . We refer the algorithm as SPRS. iv. The level-set approaches towards phase-contrast images are restricted to cell segmentation and have implicit constraint of smooth boundary. On the contrary, non-smooth contour in phase-contrast image of AS is caused by filaments at the boundaries of the flocs, complex 3D structure of flocs and microscopic artifacts of halos and shade-off. Instead of comparing with application specific level-set approaches, we used a general re-initialization-free level set algorithm: Distance Regularized Level Set Evolution (DRLSE) based segmentation [28] . Halos at the boundary of the floc and filaments are compensated by varying the length parameters.
2) SUBJECTIVE ASSESSMENT
For subjective evaluation, the images are randomly selected and corresponding segmentations are compared for accuracy and de-noising. The proposed algorithm gave apparently more precise result than the algorithms reported in the literature.
3) OBJECTIVE ASSESSMENT
In order to assess the segmentation objectively, well-known assessment metrics such as accuracy, recall, F-measure, precision and Rand index are used. If true positive (TP) is the number of pixels correctly detected as object (filaments), false positive (FP) is the number of pixels classified incorrectly as object, true negative (TN) is the number of pixels categorized as background correctly, and false negative (FN) is the number of pixels incorrectly identified as background, then
Recall = TP FN + TP (15)
Rand index (RI) is a clustering assessment metric suggested by Rand [29] . It is the ratio of the number of similar assignments of pairs of pixels in the segmentations divided by the total number of pairs, given by
where N is the total number of pixels, and 
E. PROPOSED IMAGE ANALYSIS
Walsby and Avery proposed the state-of-the-art procedure to estimate the length of the filamentous bacteria [18] . However, the procedure involves average correction and error limits, which depend on the number of pixels of filaments. In our case, we have acquired, on the average, thirty-one images per sample (130 total samples) of a large number of filament pixels. Consequently, the error caused by average correction of the Walsby and Avril's method increases. Our proposed algorithm to measure the TFL does not involve any average correction. Moreover, it gives accurate length measurement independent of the number of filament pixels, and size and number of images acquired for the filaments analysis. The procedure to calculate the TFL and additional filament features are as follows:
1) TOTAL FILAMENT LENGTH (TFL)
The total length of filaments is calculated by determining the length of all the filaments, both attached and free floating, in all the images of an AS sample. To give an intuitive idea about the appearance of the filaments, three randomly selected gold approximations of ground truth images of filamentous bacteria in AS are shown in Fig. 12 . In order to measure the TFL, the segmented filament-only image is first skeletonized, spurious branches (branches of length less than 4 pixels) are removed, and subsequently, geodesic distance transform was used with branch-points and end-points to calculate the length. For skeletonization, branch-points and end-points, morphological operations of MATLAB have been employed [25] . Two cases are considered for filament analysis: unbranched filament (with two ends), and branched filament. 
a: UNBRANCHED FILAMENTS
While using the geodesic transform, the horizontal or vertical distance of one pixel is considered as 1, and diagonal distance is considered as √ 2 (used as approximation 1.4 in the text ahead). We observe that the distance transform at the endpoint other than the reference does not give the length accurately. Consider Fig. 13(a) where the length of filament is 7 pixels, but the distance transform gives the maximum distance as 6 that is different from the actual length. Similar is the case in Fig. 13 (b) in which diagonal lengths are also involved. The length in the Fig. 13 (b) is 9 .0, whereas distance transform gives 7.6. The error in calculations can be significant if large number of filaments are present in a sample. Dias et al. did not consider this compensation while using the distance transform to calculate the length of the filamentous bacteria [16] . We have compensated for this error by adding the distance at the pixel, immediate to the reference endpoint, to the maximum distance at the other endpoint. For example, in case of Fig. 13 (a) , we added 1 to 6 to correct the length to 7, and Fig. 13 (b) , we added 1.4 to 7.6 to correct the length to 9.0. 
b: BRANCHED FILAMENTS
The overlapping and intersection of the filaments might result in multiple neighboring points identified as branch-points, at the point of intersection or overlapping as shown in Fig. 14 . Instead of treating a branch-point as a single isolated pixel, we deal with them along with their 3 × 3 neighborhood with a branch point at the center as shown in Fig. 15 . We refer 3 × 3 neighborhood of a branch-point as a node. So, all branch-points in a 3 × 3 neighborhood should be considered as one node to avoid redundant calculations. Therefore, we reduced the set of branch-points to a set of nodes. Let
. . , b n form a set of branch-points. First, we consider b 1 , and remove all the branch-points from the set, which have distance less than 3 pixels from b 1 ,. Later, the distance was taken with respect to the element next to b 1 in the remaining set, and so on. The result of removal of neighboring branch-points is shown in Fig. 14 (c) and (d) .
In order to calculate the length, first, we remove the nodes along with their 3 × 3 neighborhood, and use the scenario of unbranched filaments for all the free filaments resulting from the removal. Later, the total length is compensated for each node using 5 × 5 neighborhood instead of 3 × 3, without compensating the last pixel as in the unbranched case. It is because the pixel at the additional layer has already been compensated in the previous step. This trick helped to avoid the confusion about how the distance should be compensated (1 or √ 2) for the last pixel connecting node to the filament. Fig. 15 (a) shows a general 5 × 5 neighborhood of a branchpoint (at the center of a node), and all possible lengths (horizontal, vertical, diagonal) in bright colors.
We shall explain the compensation of length using an example of filament branching shown in Fig. 15(b) as dark pixels. As the horizontal and vertical lengths are equal by symmetry, they are designated as the same letter h. The diagonal length is denoted by d. The horizontal, vertical and diagonal lines are shown bright in Fig. 15 (a) and traced along the filament. The line segments are labelled by the respective letter. The compensated length is calculated by adding all the lengths along the filaments as follows
The total length of filament in an image of AS sample is calculated by
where L e,i is the length of ith free filament in the skeletonized image with spurious branches removed, and n is the total number of the unbranched filaments in the image resulted from the removal of the node. L c,k is the length compensation contributed by the kth node, and m is the total number of nodes in the skeletonized image. While implementing the algorithm, we also incorporated a rare case in which a skeletonized filament, with spurious branches removed, is closed like an ellipse. In that case, we removed a pixel, and treated the remaining filament as a two-end or unbranched filament. The deleted pixel is compensated with reference to one of the end-points.
In order to avoid overlap of nodes in skeletonized filaments with spurious branches removed, while reducing the set of branch-points to that of nodes, we considered only those branch-points which are distant by 3 or greater than 3 pixels. Considering Fig. 16 , if X indicates a branch-point, the reduced set will contain the blue and green X's only. In the next step, when we remove the nodes along with their 3 × 3 neighborhood (indicated by bold borders in Fig. 16 ), the branch-point X, colored in red, will remain in the image used for calculation of free filaments. In this particular case, the removal of node will result into branched filaments instead of free two-end filaments. This case surfaces if missed branch-points lie in the outer layer of pixels in the 5 × 5 neighborhood of nodes. We addressed this problem by removing the missed branch-points from the image (with nodes removed), and compensate it using 3 × 3 neighborhood. 
2) FILAMENT DIAMETER
To estimate filament diameter D, we observed that the filament is cylindrical, and projected on the plane of the microscopic image as a strip. So, the width of the filament in the microscopic image is equivalent to the diameter of the filament. We have already calculated the length of the filament in the previous subsection. Hence, the average filament diameter is estimated by dividing the area of the filament by its length.
3) AVERAGE FILAMENT LENGTH
Average filament length is defined as the length per filament, and estimated by dividing the TFL by the total number of filamentous objects in all the images, acquired for an AS sample.
4) FILAMENT CURVATURE
Filaments have different species, populations and orientations in different states of AS wastewater treatment plants. The different states can be normal, pin-flocs, dispersed growth, filamentous bulking and zoogleal bulking [21] . In filamentous bulking, the filaments are very long and curved. Some filaments have branches, and some filaments overlap themselves or other filaments. However, in case of pin-flocs, dispersed growth and normal operation with lower SVI, the filaments are usually straight, and overlapping is uncommon. So, a parameter quantifying the curvature of filaments can be significant in the modeling of the AS process. Hence, we proposed a parameter representing how curved a filament is. We define filament curvature as the ratio of maximum distance between any two pixels of a filamentous object in an AS image to diagonal length of a rectangle with area equal to that of the object. The filament curvature also gives a quantitative measure of the filaments that are attached and perceived as one filamentous object in the image due to overlapping. Mathematically, the filament curvature F c is given by
where D m is the distance between the two most distant pixels of the filamentous object. For a filament with no curve will have the F c equal to unity, and for filaments with some curvature, 0 < F c < 1, as shown in Fig. 17 . 
F. ESTIMATION OF SVI
SVI is the most frequently used physical measurement to monitor the operation of an AS wastewater treatment plant. Image analysis has been used previously to show the correlation of SVI with image analysis parameters [3] , [30] . In addition, TFL was also employed with MLSS to estimate the SVI [3] , [5] . We have collected data from eight municipal wastewater treatment plants and an experimental setup. Our experimental setup mimics the actual plant fed directly from the influent of a municipal scale plant. As the data is from multiple plants operating in different states (normal, pin-floc and bulking), it is expected that our model is not specific to a particular plant or a particular state. We have used simple regression model using the image analysis parameters presented in the previous subsection to show that the filament-only image is also significant to monitor the AS plant. Moreover, when combined with morphological information of flocs, the regression model's accuracy can be significantly improved.
IV. RESULTS AND DISCUSSIONS
Two sets of phase-contrast images of AS samples were considered for the assessment of the segmentation algorithms. Thirty-two images in one set are acquired at 10× objective magnification, and twenty-nine in the other set at 20× magnification. The gold approximations of the ground truth images were prepared using the pen tool of GIMP software. The regions around the borders of the flocs are brighter due to halos as shown in Fig. 1 (b) . Varying opaqueness and porosity of flocs, and phase-contrast microscopic artifacts make the distinction of the flocs and background near the borders of the flocs impossible. Thus, there is an uncertainty about the floc region because of phase-contrast artifacts and complex structure. Hence, some bright regions cannot be identified as floc or background with certainty. Therefore, the gold approximations were prepared for filaments only. The filaments are surrounded by halos, but are perceptible subjectively. The flocs were removed from the segmentations to be assessed using Otsu thresholding, morphological dilation and finally, subtraction from the segmentation. For comparison among all the segmentation algorithms, same protocol of floc removal was followed. The algorithms reported for the restoration of phase-contrast images by compensating the artifacts start with background estimation and subtraction [9] . Therefore, in the comparison, we included all the algorithms with and without background subtraction. Its purpose was to assess the robustness of the algorithms against background noise except the state-of-the-art PHANTAST. The algorithms with background correction are designated by the name of the algorithm with W at the end. Two randomly selected examples of original image and its segmentation results are shown in Fig. 18 and 19 . In Fig. 18 , the segmentations are given with flocs, whereas Fig. 19 shows the segmentations without flocs. The reason is to show how the segmentation algorithms are affected by the halos and shade-off. From the subjective assessment, we observed that the algorithm JUNE over-segmented both flocs and filaments. The algorithm could not eliminate the error caused by phase-contrast artifacts. The effect of vignetting correction is not visibly significant indicating its robustness for the illumination irregularity in the background. In case of SPRS, the segmentation fails for about 10 images for each data set. But it effectively removed halos and shade-off for the other images, and the flocs and filaments were not VOLUME 6, 2018 over-segmented. Here again, the effect of background correction was not perceivable. The level-set approach based algorithm DRLSE over-segmented the flocs, and undersegmented the filaments in general. But in some images, oversegmentation was visibly less than the other images. Overall, the over-segmentation was less than the JUNE algorithm. It shows that the parameters of the algorithms require to be adjusted for each image. It also indicates that it is not impervious to phase-contrast artifacts. However, it is robust to the background noise as the effect of the correction is not apparent subjectively. The PHANTAST has also oversegmented the flocs and filaments. It seemed that it could not address the phase-contrast artifacts effectively in the presence of the inherent structural complexity of the AS flocs and filaments. The segmentation also failed for three images for each collection of the images. In case of the proposed algorithm (PHASE), the segmentation is found very accurate on subjective observation. It effectively eliminated halo and shade-off artifacts. For all the algorithms, the effect of vignetting correction was not perceptible, indicating the robustness of phase-contrast image to the illumination irregularity.
For objective assessment, the gold approximations of ground truth images were used. The average and standard deviation values of the evaluation metrics are tabulated for each magnification separately as shown in Fig. 20 and 21 . Higher mean and low standard deviation are indicator of better results. Low standard deviation implies less frequent over or under-segmentation for the images in the evaluation set. As the assessment only included the filaments due to uncertainty in the bright region, and the flocs were considered as background, the metrics did not show very large difference despite significant mis-classification. The overall results supported the ranking resulted from the subjective observation. The proposed algorithm performed better compared to the other algorithms in terms of the performance metrics considered for the assessment. For SPRS, improvement is observed as a result of background correction as shown in Fig. 20 . The SPRS algorithm has embedded background correction but the additional correction has led to better results. This implies that the inherent correction of the algorithm may not be effective. The performance of the proposed algorithm PHASE is also improved by vignetting correction indicated by comparatively higher value of the mean and lower value of the standard deviation of the performance metric. JUNE and DRLSE performed better without illumination correction. Specially, DRLSE was the second-best algorithm, implying that it compensated halos and shade-off better than the other state-of-the-art algorithms despite under-segmentation of filaments. The similar trends for the algorithms were observed at 20× magnification as shown in Fig. 21 with an exception of SPRS algorithm. On contrary to the case of 10× magnification, the algorithm did not show improvement by illumination compensation. Overall, the proposed algorithm with vignetting correction PHASEW performed the best at both 10× and 20× objective magnifications with accuracy of 0.9979 and 0.9975 respectively. The proposed algorithm performed relatively better at 10× magnification in terms of both mean and standard deviation of the metrics. But for AS, it cannot be established which magnification should be used for phase-contrast image acquisition. The magnification to be used will be decided on the bases of plant condition, and size of filaments. If the plant is in pin-floc or dispersed growth condition, the size of the flocs and filaments are relatively smaller. Therefore, in such conditions, higher magnification should be preferred to monitor the filaments and flocs.
The proposed segmentation algorithm can be extended to phase-contrast microscopic images in general. The proposed rotation invariant measure of curvature can be useful beyond the filamentous bacteria. Exact measurement of length can be extended to any rectilinear or curvilinear (intersecting or non-intersecting) objects.
To show the significance of the TFL and the proposed image analysis parameters, we used regression to predict SVI. We used the following five parameters: 
The model indicates the significance of TFL and logarithm of TFL in estimating the SVI. Next, we fitted the regression model with interaction terms using all the five parameters. The resultant model gave NRMSE 4.77% and adjusted R 2 0.793. The fitted curve is shown in Fig. 22 (b) , and the model is as follows Lastly, we adopted an additional parameter of normalized floc area from bright-field image based study previously reported in [31] . We included following features: The motivation behind this inclusion was that as SVI has MLSS in its formula and NFA is proportional to MLSS [31] , it might be significant not only as a feature itself but also as a fraction of TFL. The regression model is as VOLUME 6, 2018 
The model, as expected, improved the prediction by exhibiting NRMSE 3.90% and adjusted R 2 0.856. The fitted curve is shown in Fig. 22 (c) . The NRMSE and adjusted R 2 for the regression models are summarized in Table 1 . Thus, the proposed image analysis parameters of filamentous bacteria can be significant to model AS wastewater treatment plant. The modelling error reduces if we include morphological features of flocs as indicated by performance of model-III. It is in spite of inclusion of only one morphological feature of floc. We expect to get better results if we include more morphological features of the flocs.
V. CONCLUSION
The authors thank Indah Water Konsortium Sdn. Bhd., Malaysia for granting us access to their wastewater treatment plants. Phase-contrast microscopy captures the filaments at lower magnification, but the segmentation of phase-contrast images is sensitive to the artifacts associated with the microscopy such as halos and shade-off. A robust segmentation algorithm was used to address the microscopic artifacts. The segmentation employed phase congruency feature map along with top-bottom-hat filtering. The proposed phase congruency based segmentation was compared with previously reported texture, optics model and level-set based algorithms. An exact method was proposed to calculate the length of the filaments. A parameter, filament curvature, was introduced to quantify the extent of curved folding of a filament. The proposed image analysis parameters and the exact measurement of length exhibited their significance in the regression model to estimate the SVI, which is the most frequently used and reported measurement for monitoring of the AS plants. The proposed segmentation algorithm exhibited better results in terms of accuracy, F-measure, variation of information (VI) and Rand index (RI), addressing phase-contrast artifacts and vignetting. We speculate that the phase-congruency based algorithm can be extended to the phase-contrast images of cells and neurons besides AS. The model is based on the proposed parameters of filaments and normalized floc area achieved NRMSE 3.90% and adjusted R 2 0.856. As future work, we suggest to develop monitoring framework for AS wastewater treatment plants using phase-contrast only, without using bright-field or any other microscopy technique.
